ABSTRACT
INTRODUCTION
Bioinorganic chemistry is the field of science studying the interaction between living organisms and the inorganic elements present in the environment. Crucial mediators of this interaction are metalloproteins. Metal-binding capabilities are encoded in the primary sequence of proteins because the primary sequence is related to the protein three-dimensional structure and, consequently, to the appropriate reciprocal arrangement of the amino acids constituting the metal binding site(s). Indeed, some primary sequence 'signatures' for binding special metal cofactors (e.g. heme, some polymetallic clusters) have been identified over the years (Bertini et al., 1994; Frausto da Silva and Williams, 2001 ). Genome sequences have been annotated somehow also in terms of the metalloproteins contained. However, systematic determination and analyses of all possible metal-binding signatures have not been performed (Bertini and Rosato, 2003) .
A number of bioinformatic web servers and databases have been created before and after the advent of genome sequences with the aim of providing the scientific community with tools for searching gene banks, for the analysis of protein sequences and for the prediction of a variety of protein properties. Very few of these resources are dedicated to the analysis of the interaction between metal ions and proteins (Degtyarenko, 2000) . Genome browsing in the field of bioinorganic chemistry cannot be limited to the analysis of amino acid identity or similarity in sequences [i.e. as is the case for the program BLAST (Altschul et al., 1990) ]. Indeed, it would be desirable to exploit at best all available information on metalbinding sites in proteins to supplement and drive analyses of primary sequences. Two databases partly addressing this issue are PROMISE (now discontinued), which collects structural and functional information (including a bibliography) on metalloproteins with emphasis on the properties of the metal site (Degtyarenko et al., 1999) , and the Metalloprotein Database (MDB) maintained at the Scripps Research Institute (Castagnetto et al., 2002) , which provides quantitative information on geometrical parameters of metal-binding sites in metalloprotein structures deposited in the Protein Data Bank (PDB; Berman et al., 2000) as well as statistical information about the recurrence of consensus sequences (called patterns) within the PDB.
Specific, validated bioinformatic tools for the search of metal-binding patterns within gene data banks are still lacking. Their development is important to extend and fully exploit the success of genome-sequencing projects in the field of bioinorganic chemistry. Such tools would not only allow researchers to identify uncharacterized metalloproteins in genome sequences for subsequent experimental studies but would also enable broader applications of other bioinformatic methods, such as molecular modeling. Molecular modeling has indeed been proving to be extremely powerful in linking structural to functional information (Marti-Renom et al., 2000) and in the case of metalloproteins (Banci et al., 1999; Bertini et al., 2002; Arnesano et al., 2002) . In the latter case, available approaches still show some (potential) limitations in the identification and treatment of metal-binding sites, which can often be circumvented only through careful human examination .
Here, we sought to devise a method to exploit information present in the PDB for mining genome sequences (or gene data banks) to identify metalloproteins, using copper-binding proteins as a test case. First, a library of metal-binding patterns (hereafter MBPs) was automatically built from all copperbinding proteins in the PDB. Each MBP is then used together with the primary sequence of the corresponding metalloprotein to browse any ensemble of sequences of interest with the program PHI-BLAST (Zhang et al., 1998) . The proteins in the PDB were used to assess the search procedure in terms of potentiality and quality of the output. The results provide interesting indications on the number and distribution of metalloproteins present in different organisms.
SYSTEM AND METHODS
Copper-binding proteins deposited in the PDB were extracted through the web site http://www.pdb.org/ by the formulation of an appropriate query. The coordinate files of each structure were downloaded to a local database and were used to identify the residues coordinating to the metal ion(s). Every residue having at least one atom at a distance shorter than 3 Å from the metal was defined as a ligand. Therefore, a pattern for copper binding was associated to each protein, yielding a library of MBPs of the type AX n BX m C . . ., where A, B, C, …are the metal-binding amino acids and n, m, . . . the number of amino acid residues in between two subsequent ligands. Note that the threshold for defining ligands should in principle depend on the metal ion bound and the donor atom of the ligand (e.g. should be larger for a sulfur than an oxygen atom). We however reasoned that the choice of a single threshold, which must then be close to the upper limit of the range of all metalligand distances, would possibly result only in having for a few proteins MBPs, including one additional amino acid, and thus leading to slightly more restrictive searches. On the other hand, using a unique threshold abrogates the need to analyze in detail all possibilities for different donor atom/metal combinations. Polymetallic clusters, when identified as a unique heterogroup in the PDB, were treated as if they were a single ion, i.e. by defining a single MBP that includes the ligands to all metal ions in the cluster. The rationale for this was that polymetallic clusters are usually bound in 'all or none' fashion, i.e. it is the entire cluster that is recognized by the protein rather than the individual ions in it. Note that more than one pattern can be associated to a single protein, depending on the number of metal ions bound.
Initially, each protein in the local database and the associated MBPs with the number of ligands greater than one were used as input data ('query') for the PHI-BLAST program (Zhang et al., 1998) to query the whole ensemble of the sequences of proteins in the PDB. MBPs with an overall spacing between the ligands greater than 50 residues were substituted for by smaller sub-patterns. Indeed, initial results with the full MBPs indicated clearly that there is little evolutionary pressure to maintain very large spacings strictly. The program outputs the alignment between the query protein and matching proteins ('hits'), in the proximity of the consensus pattern. Five statistical parameters (Score, E-value, Id, Po, Gaps) quantify the similarity of the aligned sequences (Zhang et al., 1998) . The coordinate files corresponding to each sequence matching a given query were analyzed to separate the proteins in which the MBP actually binds a metal ion from those in which it does not. This was done by looking in the PDB coordinate file for the presence of any metal ion and then calculating the distances between the metal ion and the putative MBP (taking into account also the identity of the donor atoms). In this way, it was possible to define ranges of values for the PHI-BLAST parameters above which it is very likely that a sequence indeed binds a metal ion with the putative MBP and below which it is very likely that a sequence does not bind a metal ion with the motif. When values are within the range identified, an unambiguous behavior of the protein with respect to metal coordination cannot be defined.
The proteins in the local database were then used to query with PHI-BLAST three representative genomes, [Drosophila melanogaster (Adams et al., 2000) , Escherichia coli (Blattner et al., 1997) and Pyrococcus furiosus (Maeder et al., 1999) ] as well as the human genome [draft version no. 32, taken from RefSeq (Pruitt and Maglott, 2001 )] (Venter et al., 2001; Lander et al., 2001) . The parameter ranges identified as described above were then used to analyze the results (see Discussion section).
RESULTS AND DISCUSSION

The Protein Data Bank
A total of 324 protein structures containing copper were retrieved from the PDB, corresponding to 116 non-redundant protein sequences. Around 97 distinct MBPs were identified (note that in our current approach CXC and CX 2 C are regarded as two distinct patterns, while all patterns of the kind CX 2 C are counted only once), and the statistics are given in Table 1 in the Supplementary information. All patterns contain between two and six amino acid ligands (patterns with only one ligand have been removed), with patterns with three amino acids being most common. Not unexpectedly, a distinct preference for histidine (His) side chains as copper ligands is detected: nearly 90% of the patterns contain at least one His. The second most common ligand is Cysteine (Cys) (present in 48% of the patterns). The library of MBPs was used initially to query the entire ensemble of the sequences of proteins in the PDB. This analysis returns both trivial hits to the query protein itself and non-trivial hits to proteins different from the query. The latter are the most interesting for subsequent analyses (see below). The availability of experimental structures for all members of the PDB ensemble allowed us to screen the hits obtained and to evaluate whether a metal-binding site was indeed present or whether the three-dimensional folding of the hit protein precluded the MBPs from adopting a conformation suitable for binding. From an inorganic chemist's point of view, the latter case is analogous to that of a macrocyclic ligand containing the necessary donor atoms to bind a metal ion but which may not form a cage of suitable size or provide the appropriate geometry of the donor atoms. This approach allows the method to be benchmarked against a structurally characterized sequence pool, thereby permitting the identification of the parameter(s) most useful to detect true metal-binding properties. In this respect, the ratio between the number of amino acids aligned by PHI-BLAST (excluding the MBP itself) and the entire length of the query protein sequence was found to be the most sensitive parameter. We termed this parameter, which ranges between 0.0 and 1.0, I
Global d
. Table 1 shows the number of hits detected in the entire ensemble of PDB sequences versus I Global d . Note that the presence in the PDB of several structures for the same protein (e.g. crystallized under different conditions or in the presence of inhibitors or at different resolution) makes the numbers of hits somewhat higher than the number of unique protein sequences detected.
As expected, all sequences in the ensemble of copperbinding proteins used to assemble the database of MBPs are detected in the PDB with an I values, the hits found result from the queries detecting either their homologs in the PDB or other unrelated proteins (note that this same result would be obtained by searching against the PDB ensemble after removing from it the query protein and its mutants). This latter situation is similar to what would happen typically when mining a genome sequence or a gene bank. For an in-detail analysis, Table 2 reports all the unique proteins from the data of Table 1 (Table 2 ). These five proteins have levels of identity to one another of 50% or more and are retrieved by the same query, that is a variant of trypsin engineered in a protein loop to create a binding site comprising two His and a chelating buffer molecule with micromolar affinity for copper(II) [PDB code 1AND (McGrath et al., 1993) ]. In the PHI-BLAST alignments to the query protein these five sequences display long gaps before the putative MBP. Analysis of the structures indicates that the backbone of the His ligands in the putative MBP is further apart than in the engineered trypsin (∼10 Å versus 7.5 Å). The present sequence alignment data however suggest that they can bind copper at least in vitro. This example indicates that at intermediate levels of similarity (i.e. I
Global d values), it is worthwhile looking in some detail to the sequences of both the hit and query proteins as well as to the structure and 'history' of the latter. When considering the proteins in Table 2 with I Global d between 0.2 and 0.1, it is observed that only ∼42% of the proteins bind copper or another metal ion (zinc or iron). This is in agreement with the 50% level of confidence estimated from the analysis of the data of Table 1 , which included all the redundancies present in the PDB. For I
Global d values lower than 0.1, only in a few cases (roughly 25%) did the hit protein bind a metal at the MBP. For these low-scoring hits, a relatively straightforward additional analysis can be made based on secondary structure. The comparison of the secondary structure of the hit and the query proteins in the regions aligned by PHI-BLAST indeed shows that conservation of secondary structure around the MBP correlates with the likelihood of metal-binding capabilities. between 0.1 and 0.4 are shown; for protein hits highly similar in sequence (e.g. mutants, close homologs), only one representative was kept. The MBP searched for is shown in the last column. Hits whose structure in the PDB does not contain metal ions and for which no metal binding capability is known are in italics.
In summary, the results of the method we are proposing can be evaluated usefully using the I in discriminating real from false positives. The present method does not intrinsically provide false negatives (i.e. copperbinding proteins that are not recognized as such) as all known MBPs are explicitly searched for and identified. Of course, the method cannot provide information for uncharacterized MBPs. The choice of using PHI-BLAST for searches instead of BLAST is based on the need for using the MBP as a seed for protein alignment. Indeed, the same search in the PDB described in the previous paragraphs has also been performed with BLAST: of 192 results with significant homology (i.e. with >20% sequence identity) to copper-binding proteins additionally found only by BLAST, 160 are not metal-binding proteins, resulting in over 80% of false positives. The present method appears therefore significantly more specific than the standard BLAST.
It is important to observe that the I Global d threshold of 0.2 (i.e. 20% sequence identity) mentioned above does not necessarily correlate with the 30% threshold in overall sequence identity commonly taken as a boundary for reliable automated threedimensional structure modeling by homology (Marti-Renom et al., 2000) and which has been indicated as a possible boundary also for functional divergence within protein superfamilies (Todd et al., 2001) . The I Global d in fact refers to local pairwise alignments seeded by the MBP, whereas in the other cases mentioned, reference is made to global sequence alignments or, often, multiple alignments. The I Global d threshold of 0.2 for certain assignment of copper-binding capabilities to the MBP is quite acceptable from the chemical point of view: such a level of identity should be sufficiently high to guarantee that the local conformation of the amino acids in the pattern is maintained, thus ensuing the proper geometry for metal binding.
The data in Table 2 indicate that our search with MBPs derived from copper-binding proteins retrieves also some metalloproteins binding zinc(II) or iron(II). Indeed, it is well known that the very same metalloprotein can often bind different metal ions in vitro with the same MBP. In fact, metal substitution is an established technique for the investigation of metalloenzyme active sites, often with little effect on enzymatic activity (Bertini et al., 1986) . For example, copper(II) binds to carbonic anhydrase more tightly than the physiologically relevant zinc(II) ion (Bertini et al., 1982) .
Inorganic chemistry notions suggest that often macrocyclic ligands (such as proteins) can bind the entire series of divalent 3d metal ions, with varying affinity. This capability of 3d metal ions to replace one another in metalloprotein active sites can also be exploited by living organisms for their biochemical functions (Martin et al., 1986; Meier et al., 1994; Schmidt et al., 1996) . Particularly for shorter MBPs, there is a subtle interplay between local geometry, three-dimensional structure and metal binding that can be of importance for metal selectivity and the energetics of binding Wang et al., 2003) . It is also important to keep in mind that a number of investigations of metal homeostasis in cells suggest that each metalloprotein incorporates the physiologically relevant metal ion not as a result of thermodynamic equilibrium properties but rather through a complex and tightly controlled delivery mechanism (Pufahl et al., 1997; Banci and Rosato, 2003; Finney and O'Halloran, 2003) . The approach developed in the present work focuses exclusively on the analysis of a protein's primary sequence. Consequently, without additional information it cannot predict which metal ion will be actually bound in vivo but can only indicate metal-binding capabilities in vitro.
Mining genome sequences
If we assume that the PDB can be viewed as an artificial genome having the distinct advantage of complete structure coverage, the threshold values identified above for the I Global d parameter will allow us to filter reliably the results obtained when mining complete genome sequences. The present methodology was applied to four complete genome sequences: P.furiosus, E.coli, D.melanogaster and Homo sapiens, and the results are summarized in Table 3 value higher than 0.2 are identified in the four genomes, respectively. With respect to the genome size, the above numbers correspond respectively to 0.7%, 0.6%, 3.5% and 3.7%, suggesting a differentiation between the two prokaryotes and the two eukaryotes. In the human genome, 225 of the hits obtained were labeled as hypothetical (16% of the total), which is an interesting indication of the potential of the method to supplement values it is therefore recommendable that additional pieces of evidence are collected to identify real metalloproteins, e.g. exploiting secondary structure predictions.
Another predictive method available on the web is ScanPROSITE, a tool to scan a sequence for the occurrence of patterns stored in the PROSITE database. To validate the results of our approach with respect to PROSITE, a comparison on a sample of 10 randomly chosen hypothetical proteins proposed to be metal-binding proteins (with I Global d > 0.2) has been performed. ScanPROSITE classifies only two of these proteins as metal-binding proteins, indicating that our method is more effective in identifying metalloproteins.
As discussed in the preceding section, the hits retrieved when searching genome sequences are not necessarily copperbinding proteins in vivo but are better described as (potentially) copper-binding in vitro. Some more information can be obtained by performing PHI-BLAST to detect the homology between the hit proteins against the sequences of copperand zinc-proteins available in the PDB. If a significant homology is detected, and assuming that the metallation state in the PDB is the one physiologically relevant, then each hit can be assigned as zinc-or copper-binding in vivo. Otherwise the hit must be classified as 'uncertain'. Note that now PHI-BLAST is used to look for homology to metalloproteins of known structure, with the additional constraint that the MBP must be retained, and not to mine genomes to look for potential new metalloproteins, so that the selection criteria now coincide with those typical for PHI-BLAST (Zhang et al., 1998) . For all four genomes considered, more than three-fourths of the hit proteins found do not bear any significant homology to zinc-or copper-binding proteins already in the PDB. Figure 1 shows the distribution of the detected homologies to copper-binding versus zinc-binding proteins as a function of the consensus pattern. Patterns containing solely cysteines, which bind either a single Cu(I) ion with two cysteines, or poly-copper clusters, turn out to be significantly more often associated to zinc-binding proteins. Patterns containing other amino acid ligands in addition to one or two cysteines detect the smallest number of putative metalloproteins (Fig. 1) . These patterns typically bind Cu(II) or Cu(II) and Cu(I) in redox active proteins (e.g. electron transfer proteins). The ratio between zinc-and copper-binding proteins is shifted toward the latter group (approximately 1:2, but here the statistics is highly unreliable, given the small numbers in play). Nearly all 'uncertain' proteins (66 out of 69) with this kind of pattern have the same MBP, CX(4)H, which is equally used by copper-and zinc-binding proteins. Patterns not containing cysteines also typically bind Cu(II) or Cu(II) and Cu(I) in redox active proteins. This class of patterns detects a significant number of hits, with a ratio between zinc-and copper-binding proteins strongly in favor of the latter (1:12). Thus it can be predicted that 45 out of 68 'uncertain' proteins with patterns not containing cysteines will bind copper in vivo.
CONCLUDING REMARKS
We have devised a method that exploits the information contained in the PDB to identify proteins potentially capable of binding copper, at least in vitro, in genetic data banks and have shown that we can confidently identify ranges of likelihood for the correctness of the predictions. In particular, it appears that in the presence of a level of identity around the MBP >20% of the protein length, the level of confidence for the predicted metal-binding capability is higher than 90%.
The MBPs identified from copper-binding proteins are often poorly specific for individual metal ions. This is well known to scientists in the field of bioinorganic chemistry and is a consequence of the relatively similar behavior of 3d metal ions toward macrocyclic ligands of the kind of proteins. When focusing on the overlap between zinc(II) and copper binding, we observe that the selectivity of MBPs containing no cysteines is quite high in that they are seldom found to coordinate zinc(II). On the other hand, MBPs containing only cysteines are actually much more likely to bind zinc(II) than copper(I) (note that such MBPs cannot bind copper(II) due to its high redox potential).
The most important limitation of the present approach is that the PDB does not provide a complete knowledge of all the possible MBPs occurring in living organisms. For the latter point, more experimental work is clearly required, even though bioinformatic methods can partly help (Ettema et al., 2003) .
